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Abstract

Compositional generalization has achieved substantial
progress in computer vision on pre-collected training data.
Nonetheless, real-world data continually emerges, with
possible compositions being nearly infinite, long-tailed, and
not entirely visible. Thus, an ideal model is supposed to
gradually improve the capability of compositional general-
ization in an incremental manner. In this paper, we explore
Composition-Incremental Learning for Compositional
Generalization (ComplL) in the context of the compositional
zero-shot learning (CZSL) task, where models need to
continually learn new compositions, intending to improve
their compositional generalization capability progressively.
To quantitatively evaluate ComplL, we develop a benchmark
construction pipeline leveraging existing datasets, yielding
MIT-States-ComplL. and C-GQA-ComplL. Furthermore,
we propose a pseudo-replay framework utilizing a visual
synthesizer to synthesize visual representations of learned
compositions and a linguistic primitive distillation mecha-
nism to maintain aligned primitive representations across
the learning process. Extensive experiments demonstrate the
effectiveness of the proposed framework.

Repository — https://github.com/Lixsp11/CompIL

Introduction

Recently, compositional generalization has garnered much
attention, with substantial progress in improving mod-
els’ compositional generalization capability on fixed, pre-
collected data (Huang et al. 2024b,a; Li et al. 2023). Given
the ever-emerging nature of real-world data, e.g., the recur-
rence of previously observed compositions and the appear-
ance of new, unseen ones, it is essential to understand how
to enrich the training data to further boost the compositional
generalization capability of models. To this end, we conduct
a preliminary investigation into the impact of training data
on this capability in the compositional zero-shot learning
(CZSL) task, which aims to recognize unseen compositions
of attributes and objects (known as primitives) by leverag-
ing knowledge from observed compositions. Specifically,
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Figure 1: Accuracy of CZSL models on the unseen composi-
tion test set trained with data containing varying number of
compositions or samples. Increasing training compositions
boosts compositional generalization significantly more than
increasing training samples.

we conduct comparative experiments by varying the num-
ber of samples in the training data while keeping the number
of compositions fixed, or vice versa. As illustrated in Fig-
ure 1, the steeper slope of the orange line indicates that the
number of compositions has a significantly impact on mod-
els’ compositional generalization capability, while increas-
ing sample size with a fixed number of compositions offers
minimal benefit. More details can be found in the supple-
mentary material. These findings suggest that we can im-
prove the compositional generalization capability of models
by increasing the diversity of training compositions from a
data-driven perspective.

Nevertheless, obtaining sufficiently varied compositions
is both costly and time-consuming (Saini, Pham, and Shri-
vastava 2024; Xu et al. 2024), and the expense of training
models from scratch becomes prohibitive as the dataset size
scales. This raises an important question: Can models con-
tinually learn from an increasing number of compositions
to improve their compositional generalization capability
progressively? To answer this question, we propose a new
setting: Composition-Incremental Learning for Composi-
tional Generalization (ComplIL), where models are required



to learn sequentially on a series of tasks containing disjoint
compositions. Specifically, each task contains a set of sam-
ples sharing the same primitive set, whereas the composi-
tions of different tasks vary significantly in semantics. These
semantics gaps simulate the staged data collection process
in the real world, where data distribution typically follows
a long-tailed pattern and continuously evolves (Gama et al.
2014; Yao et al. 2022; Li et al. 2024b). The difficulty of our
setting stems from the following two challenges: (1) Com-
position knowledge forgetting. Forgetting (Li and Hoiem
2017) remains a fundamental challenge in continual learning
and is even more pronounced in our setting. The vast number
of compositions, coupled with the relatively small number
of samples per composition, exacerbates the risk of forget-
ting. (2) Primitive representation drift. Learning seman-
tically aligned primitive representations has been proven to
enhance the compositional generalization capability of mod-
els (Li et al. 2023). However, the semantic differences be-
tween tasks foster models focusing on task-specific repre-
sentations, which may not be applicable across tasks. For
example, in one task, “ancient” emphasizes age, as in “an-
cient castle”, while in another, it emphasizes obsolescence,
as in “ancient computer”.

We explore ComplL in the context of CZSL, and de-
velop an efficient benchmark construction pipeline along
with a comprehensive evaluation protocol. By formalizing
the constraints in benchmark construction as an integer op-
timization problem, our pipeline constructs ComplL bench-
marks from existing datasets via step-by-step optimization.
Moreover, we introduce a hierarchical clustering strategy to
enhance inter-task semantic diversity, enabling the bench-
mark to better align with the dynamic real world. In prac-
tice, we construct two new benchmarks MIT-States-CompIL
and C-GQA-ComplL. We evaluate various existing contin-
ual learning methods and find they struggle on ComplL, of-
ten underperforming even a zero-shot baseline.

We present a pseudo-replay framework for ComplIL by
synthesizing pseudo-samples of past compositions and train-
ing them jointly with current task data. Recognizing that the
compositions is infinite and difficult to disentangle in visual
representations (Lu et al. 2023), while primitives are natu-
rally separable in language (e.g., attribute and object words),
we design a visual synthesizer based on the language en-
coder of a pretrained vision-language model. Leveraging the
vision-and-language alignment of the pretrained model, the
synthesizer learns to take attribute and object words as in-
put and synthesize corresponding visual composition rep-
resentations, as pseudo-samples. Additionally, we introduce
a linguistic primitive distillation mechanism. It constrains
the model to maintain consistent predictions for past com-
positions while learning new ones, effectively mitigating
primitive representation drift. Experimental results show our
framework consistently improves the compositional general-
ization capability of models throughout the learning process.

To summarize, our contributions are as follows:

* We present a practical and challenging setting termed
ComplL, where models continually learn new compo-
sitions to improve their compositional generalization
capability progressively.
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* We develop an efficient pipeline for constructing Com-
pIL benchmarks for quantitative evaluation and con-
struct two new benchmarks in the context of CZSL.

* We propose a pseudo-replay framework for ComplL by
synthesizing visual representations of learned composi-
tions and maintaining aligned primitive representations
throughout learning.

Related Work
Compositional Generalization

Numerous benchmarks (Ma et al. 2023; Li et al. 2024c; Ray
et al. 2024) have been proposed to evaluate compositional
generalization capability, and various sophisticated model
architectures and training strategies (Huang et al. 2024a; Li
et al. 2024a) have been proposed to boost this capacity. A
key area of compositional generalization research is com-
positional zero-shot learning. Benefiting from the capabil-
ity of pre-trained vision-language models, e.g., CLIP (Rad-
ford et al. 2021), diverse cross-model mechanisms have been
proposed to enhance compositional generalization capabil-
ity. For example, replacing attributes and object labels with
trainable prompts (Nayak, Yu, and Bach 2023), employing
cross-modal fusion to enhance feature integration (Lu et al.
2023), and using multi-branch models to better align vision-
language representations (Huang et al. 2024b). These works
focus on improving the compositional generalization capa-
bility on pre-collected and fixed data. Differently, our work
aims to improve this capability progressively using a grow-
ing data stream with various compositions to cope with the
ever-changing world.

A few works have explored extending the boundaries
of compositional generalization with increasing data. Vis-
COLL (Jin et al. 2020) investigated the incremental acqui-
sition of compositional phrases from streaming visual data
and evaluated the compositional generalization capability
after the learning process. Liao et al. (2024) focused on
the multi-object compositions and proposed a compositional
few-shot testing protocol for evaluating compositional gen-
eralization in continual learning. CCZSL (Zhang, Feng, and
Yuan 2024) required models to continually learn composi-
tions that include unseen primitives to expand the learned
primitive set over time. ComplLer (Zhang et al. 2024) also
introduced a composition-incremental learning task, which
separately identifies attributes and objects, aiming to miti-
gate forgetting of each. In contrast to the above, we explore
learning continually from an increasing number of composi-
tions within a fixed primitive set, aiming to improve models’
compositional generalization capability progressively.

Continual Learning

Continual learning is to train a single model that can incre-
mentally update its knowledge with a continuous stream of
tasks without catastrophic forgetting of previously learned
tasks. Existing methods alleviated catastrophic forgetting
via regularization (Kirkpatrick et al. 2017; Dhar et al. 2019),
expanding models for each task (Li et al. 2019; Hu et al.
2023), or storing samples of previous tasks (Chaudhry et al.
2019; Buzzega et al. 2020; Li et al. 2024d).
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Figure 2: Illustration of our ComplL setting, taking the proposed MIT-States-CompIL benchmark as an example. The left side
illustrates training samples from the tasks, where samples from different tasks vary significantly in semantics. For instance, the
attribute “ancient” describes buildings in task ¢ — 1, outdated technology in task ¢, and natural landscapes in task ¢ + 1; the
object “castle” varies likewise. The right side depicts the evaluation process, with rows representing training steps and each

column indicating performance on the corresponding task.

Recently, several works have shown interest in contin-
ual learning with CLIP. Thengane et al. (2022) showed that
CLIP achieves state-of-the-art performance via a zero-shot
paradigm in continual learning settings. AttriCLIP (Wang
et al. 2023a) leveraged a trainable attribute word bank to en-
code image attributes as textual prompts, enabling efficient
continual learning while mitigating catastrophic forgetting.
CGIL (Frascaroli et al. 2024) trained a dedicated Variational
Autoencoder (Kingma 2013) for each class to generate syn-
thetic visual features that are then used for the continual
adaptation of CLIP models. Although these methods have
demonstrated impressive results in mitigating catastrophic
forgetting or preventing zero-shot capability degradation,
their use to enhance compositional generalization capability
remains under-explored. By contrast, we propose a pseudo-
replay framework based on visual composition synthesis to
enhance compositional generalization capability while miti-
gating forgetting.

Composition-Incremental Learning
Formulation

We take CZSL as a representative example to illustrate
the formulation of ComplIL. Given an attribute set A =
{a1,a2,... a4} and an object set O = {01, 02,...,0/0/}
as the primitive concepts, the compositional label space C =
A x O is defined as their Cartesian product. CZSL divides
C into 2 disjoint subsets, i.e., {C1,C2}, aiming at learning a
model from C; to recognize images from novel composition
set Co. In composition-incremental learning, the composi-
tion set C is further divided into 7" + 1 disjoint subsets, i.e.,
{C1,Ca,...,Cp,Cry1}, where C; N C; = O for any ¢ # j

and Utlel Cy C C. Each subset C; (except for Cp1) with
corresponding images X; forms a task of ComplIL, denoted
as Ty = {(x;,¢;)|r € Xy, ¢ € Ci}, resulting in a total of T
tasks for the continual learning process.

The model is trained sequentially across these tasks.
When learning the ¢-th task, the training images only con-
tain compositions from C;, while the evaluation is performed
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on both seen composition set C; and unseen composition set
C;* following the standard compositional zero-shot learning,
where C; U§:1 Ci and Cp = UzT:t}H C;, respectively.
Note that Cr; is always included in the unseen set C;* for
any task ¢, providing a static unseen composition set for con-
sistent and quantitative evaluation of the model’s composi-
tional generalization capability during the learning process.

Evaluation Metric

The evaluation encompasses two aspects: the model’s aver-
age performance throughout the continual learning process
and its final performance after the process, as illustrated in
the right part of Figure 2. Specifically, after training on task
t, we follow the well-established CZSL evaluation protocol
by Purushwalkam et al. (2019) to evaluate the model on the
seen composition set C; and the unseen composition set C*,
including the best seen accuracy S;, the best unseen accu-
racy Uy, and the area under the curve AUC; for unseen ver-
sus seen accuracy. We report the average best unseen accu-

— 15T
racy mU = # ) ;_, U; and the average area under the curve

mAUC = %Zle AUC;, which measures the model’s capa-
bility when continually learning new tasks. The best seen
accuracy S; can be further divided by task as S ; to quantify
the performance degradation in the past tasks, which is de-
fined as S = & 27 (S — Sr.;). Additionally, we report
the final U, ST and AUCr, denoted as U, S and AUC, to
reflect the model’s performance after the learning process.

Benchmark Construction

To quantitatively assess the performance of models in Com-
pIL, we propose a pipeline that constructs CompIL bench-
marks leveraging existing datasets. Besides ensuring the for-
mulation, the pipeline also simulates the staged data collec-
tion process in the real world, where data distribution typ-
ically follows a long-tailed pattern and evolves over time.
Specifically, semantically similar compositions tend to be
densely observed within a period, leading to semantic dif-
ferences between tasks.
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Figure 3: Overview of the pseudo-replay framework in the context of compositional zero-shot learning. The CZSL model con-
tains a visual encoder VE, and a language encoder LE. For simplicity, we omit possible connections between two components.

The pipeline employs a hierarchical clustering strategy to
take the aforementioned considerations into account. Given
an existing CZSL dataset containing a set of compositions
and corresponding images, we first cluster the compositions
into M semantically similar mini-groups {G1,Go, ...,Gr},
using K-Means algorithm (Lloyd 1982). Each mini-group
consists of compositions with the same attribute and seman-
tically similar objects. The semantic similarity is quantified
using Lin similarity (Lin et al. 1998) calculated on Word-
Net (Miller 1995). Next, we assign each mini-group to one
of the T tasks. Considering the definition of compositional
generalization, which refers to unseen compositions of seen
primitives, we obtain a shared primitive set across different
tasks by maximizing the objective function

T M M
Z Na<Ugi|gi€72>+No (Ugigi€ﬁ>]v
t=1

1

i=1 i=1
where N, (+) and N, (-) are functions that calculate the num-
ber of attribute and object types given the composition set,
respectively. The objective function can be transformed into
an integer optimization problem, and we use Gurobi Opti-
mizer (Gurobi Optimization, LLC 2024) to find an approx-
imate solution in a finite number of optimization steps. Fi-
nally, the unseen composition test set of the CZSL dataset is
designated as task 7' + 1. We combine it with the above T'
tasks to form a ComplL benchmark.

We use the pipeline construct MIT-States-CompIL and C-
GQA-ComplL benchmarks containing 7' = 5 tasks based
on widely used CZSL datasets MIT-States (Isola, Lim, and
Adelson 2015) and C-GQA (Mancini et al. 2022). Taking
the MIT-States-ComplL benchmark as an example, Figure 2
illustrates our ComplL setting. Additional statistics can be
found in supplementary material.

Pseudo-Replay Framework

The overview of the proposed framework in the context of
compositional zero-shot learning is shown in Figure 3. Con-
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cretely, for a CZSL model containing a visual encoder VE,
and a language encoder LF, the framework integrates a vi-
sual synthesizer VS that synthesizes visual representations
of past tasks. The synthesized representations are combined
with current task samples to train the CZSL model jointly.
Additionally, the language encoder of the CZSL model, fi-
nalized on the last task, is preserved and utilized to perform
distillation with the current language encoder.

Preliminary

We first outline the pipeline of recent mainstream CZSL
methods leveraging the pretrained vision-language model,
i.e., CLIP (Radford et al. 2021). When training on task ¢,
given an input image x and a candidate composition set
C;, these methods take a visual encoder VE; and a lan-
guage encoder LF; to obtain the image representation x =
VE(z) and candidate compositions representations {¢ =
LE:(a,0)|(a,0) € C:}, respectively. Both VE; and LE; are
based on CLIP (Radford et al. 2021), and candidate compo-
sition representations are generated using prompt templates
like “a photo of {attribute} {object}”. Then, the recognition
probability of the input image is calculated as

exp(cos(VE¢(z), LE(a,0))/T)

Z‘Zcztl‘ exp(cos(VE(x), LE¢(a;,0:))/T) ,
2
where 7 denotes the temperature, cos(+, -) is the cosine sim-
ilarity function, and (a, o) is the target composition. On
this basis, diverse mechanisms have been proposed, such as
learnable prompts (Nayak, Yu, and Bach 2023), cross-modal
interaction modules (Huang et al. 2024b), and retrieval aug-
mentation modules (Jing et al. 2024), to further enhance the
compositional generalization capability of the model.

pla;olx) =

Visual Composition Synthesis

We propose a visual synthesizer that learns to synthesize vi-
sual representations of past tasks. The visual synthesizer em-
ploys the Variational Autoencoder (Kingma 2013) architec-
ture, comprising an encoder VS f and a generator VS tG, as



illustrated in Figure 4. The encoder VSf , implemented as
a simple fully-connected network, encodes the image repre-
sentation @ into a latent code z. The generator VS syn-
thesizes image representations using the latent code z and
corresponding attribute and object name (a, 0).

Following Wang et al. (2023b), we adapt the language en-
coder LE (i.e., the language encoder of pretrained CLIP)
for the generator VS, aiming to enhance the learning effi-
ciency and the quality of the synthesizer by leveraging the
aligned vision and language representations learned by the
pretrained CLIP. Thus, given the latent code z and the com-
position (a, 0), instead of synthesizing the image represen-
tation directly, the generator learns to synthesize instance-
specific prompts

3

where {v1,vs,...,v} are learnable prompts of length L,
e, and e, are token embedding of the corresponding at-
tribute and object (a, 0), r is the local bias obtained from
the latent code z through a fully-connected network. Then,
the prompts are fed into the language encoder LE to ob-
tain the synthesized image representation . Additionally, a
lightweight adapter (Gao et al. 2024) is introduced to further
bridge the modality gap. Thus, given an image representa-
tion x, the synthesis process is described as

z=VSF(x),& = V89 (z,a,0) = LEo(p). (4)

The optimization of the visual synthesizer is achieved via a
standard evidence-lower bound

ﬁrcc - ||:13 - :ﬁ||2a£kl - KL(Z7N(07 1))7

where KL is the Kullback-Leibler divergence.

To ensure semantic consistency, we minimize the differ-
ence between the primitive semantic distributions of the syn-
thesized and original visual representations. These distribu-
tions are computed via similarity to candidate primitives
using simple prompt templates (e.g., “an object looks at-
tribute”). The attribute semantic distribution is denoted as

exp(cos(x, LEo(a))/T) 7
S exp(cos(x, LEo(a;))/7)

and the object semantic distribution p(o|x) is conducted
similarly. Thus, the semantic loss is calculated as

‘Csem = KL(p(a|:f:),p(a|:c)) + KL(p(O|.’.f3),p(0‘$)) (7)
overall optimization objective of the visual synthesizer is
‘CVS = Erec + Ekl +a- Esem; (8)

where « is the hyper-parameter that balances the objective of
element-wise reconstruction and the semantic consistency.

p(z,a,0) =[v1 +r,v0+ 7, .., v + 7T, €46,

(&)

plalz) = (6)

Linguistic Primitive Distillation

Learning semantically aligned primitives improves compo-
sitional generalization (Li et al. 2023). In order to encourage
the model to learn primitive semantic representations appli-
cable to all previously seen compositions, rather than over-
fitting to the compositions of the current task, the frame-
work incorporates a distillation-based mechanism. Specifi-
cally, after completing the training on task ¢—1, the language
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Figure 4: The architecture and training of the visual synthe-
sizer. The visual synthesizer comprises an encoder V.S f and
a generator VS tG It is trained to synthesize visual represen-
tations conditioned on the given composition name.

encoder LE,_1 is duplicated and frozen. During the training
of task ¢, for a given image representation o (whether it is
derived from an image of the current task encoded by the
vision encoder VE or synthesized by the vision synthesizer
VS), the predicted logits I; using the current LF; for all
compositions from past tasks are computed as

l = {cos(, LEu(ai,00)/7 | (a0 € S _ ¢} ©)

Similarly, the logits I;_; can be computed using the dupli-
cated language encoder LF;_;. The distillation loss

Lia = ||l = li—1]]2

encourages consistent predictions for past compositions, en-
suring that updates for new tasks retain previously learned
aligned primitive representations.

Notably, benefiting from our visual synthesizer, the vi-
sual representations can correspond to any composition from
task O to task ¢. This enables meaningful linguistic primitive
distillation across all past tasks, highlighting the difference
from vanilla knowledge distillation. Such distillation facil-
itates the learning of unified primitive semantic representa-
tions that generalize across tasks. Furthermore, these unified
linguistic primitives ensure the synthesized visual features
remain semantically aligned throughout different training
stages. In other words, the visual composition synthesis and
the linguistic primitive distillation can promote each other.

(10)

Optimization

To incorporate a CZSL model into the proposed frame-
work, we begin by duplicating the language encoder of the
model and utilizing it as part of the visual synthesizer. Sub-
sequently, the model is initially trained on task O using the
method-specific loss £,,s , which depends on the selected
CZSL model. After completing training on task ¢ — 1, we
duplicate and freeze the language encoder LE; ; of the
CZSL model. Then, the visual synthesizer is optimized on
the training set of task ¢ — 1 with the objective Lyg. The
encoder of the synthesizer V.S f is randomly initialized per
task, while V.S tG is retained and updated across tasks. When
training begins on task ¢, the synthesizer is employed to syn-
thesize visual representations of past compositions, given



Baseline | CSP (Nayak, Yu, and Bach 2023) (CLIP ViT-L/14) | Troika (Huang et al. 2024b) (CLIP ViT-B/16)

Method | U S AUC mU fS(I) mAUC | U S AUC mU fS(l) mAUC
Zero-Shot 46.10 30.63 11.15 - - - 41.02 28.15 895 - - -

Joint 4961 46.51 1924 - - - 4747 4412 1735 - - -

Vanilla 39.78 3055 9.76 4141 1522 1359 | 36.84 2698 7.54 3840 26.69 10.68
SI (Zenke, Poole, and Ganguli 2017) | 46.88 37.40 1433 4596 830 1645 |36.69 27.52 7.54 38.42 2650 10.70
EWC (Chaudhry et al. 2019) 4835 39.62 15.70 46.81 7.1 1730|4139 2971 941 4070 21.62 11.80
A-GEM (Chaudhry et al. 2018) 4571 3622 1346 4571 10.17 1632  |39.54 28.87 8.67 39.71 2431 11.34
DER++ (Buzzega et al. 2020) 4573 3731 13.92 4328 6.19 1472  |3939 30.50 920 3874 8.46 10.59
L2P (Wang et al. 2022) 38.92 30.50 941 4039 1525  13.17  |3742 27.65 7.95 37.97 2372 10.58
AttriCLIP (Wang et al. 2023a) 39.12 30.67 9.65 42.15 1569 1417  |3727 2693 7.64 3736 27.69 10.05
Ours 149.11 4143 1677 4723 328 1799 |42.60 3240 10.69 4159 1072 1226

Table 1: Comparison with state-of-the-art continual learning methods on CZSL models on the MIT-States-CompIL benchmark.

the composition name (a’, 0’) and the noise z sampled from
the prior distribution A/(0, 1). These synthesized represen-
tations & are combined with the current task’s training sam-
ples to train the CZSL model using the method-specific loss
Lms. The overall optimization objective of the model is

£:£ms +B"dea (11

where the hyper-parameter [ balances the stability-plasticity
trade-off in primitive representation learning.

Experiments
Experiment Setting

Baseline Models. We apply the proposed framework to
two CZSL models, CSP (Nayak, Yu, and Bach 2023) and
Troika (Huang et al. 2024b). CSP adopts the CLIP model
with learnable prompts in the language encoder, similar to
the common paradigms in class-incremental learning, where
the visual encoder is frozen, and only the classification head
is trained. In contrast, Troika employs a more complex net-
work architecture with additional trainable parameters, e.g.,
the cross-modal interaction modules, reflecting the cutting-
edge advancements in CZSL. We implement the two models
with pre-trained CLIP ViT-L/14 and ViT-B/16 to validate the
proposed framework across different model scales. More re-
sults are in the supplementary material. Notably, for mod-
els that require patch features during training, e.g., Troika,
we repeat the synthesized representations to match the size
of the patch features and use them for joint training.
Implementation Details. The learning rate is set to le-4 for
all experiments. We halve the training epochs in the origi-
nal paper to prevent overfitting on individual tasks: CSP is
trained for 10 epochs per task on MIT-States-ComplL and
C-GQA-ComplL, while Troika is trained for 5 and 7 epochs,
respectively. The prompt length L is set to 3. The hyper-
parameter « and (3 are set to 0.1 and 0.3. All experiments
are run three times under different random seeds, and the
average results are reported.

Comparison Methods. Since ComplL is a newly pro-
posed setting, there does not exist any prior works that can
be used for comparison directly. Therefore, we reimple-
ment and adapt three types of continual learning methods
to integrate them with CZSL models for fair comparison.
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Method \ Task Number

t

e 0 1 2 3 4 5 A
CSP 102 62 83 19 42 32 56
CSP + Ours 102 60 84 24 63 38 6.2
Troika 164 12.1 234 109 189 10.7 154
Troika + Ours | 17.2 13.3 225 14.0 222 15.6 17.5

Table 2: Results of the proposed framework on the split of
the C-GQA dataset introduced in CCZSL. We reported the
AUC in each task and the average AUC across all tasks.

These include regularization-based approaches SI (Zenke,
Poole, and Ganguli 2017) and EWC (Chaudhry et al.
2019), rehearsal-based methods A-GEM (Chaudhry et al.
2018), and DER++ (Buzzega et al. 2020), and the recent
prompt-based approaches L2P (Wang et al. 2022) and At-
triCLIP (Wang et al. 2023a). The memory size of rehearsal-
based methods is set to 5% of the total training samples. We
conduct hyperparameter search for these methods to ensure
fair comparison, and provide additional results (e.g., buffer
sizes) in the supplementary material.

Results on Composition-Incremental Setting

The experimental results on MIT-States-CompIL and C-
GQA-ComplL are listed in Table 1 and 3, where “Zero-
Shot” refers to predictions from the pretrained CLIP model,
“Joint” (upper bound) represents training all tasks jointly,
and “Vanilla” (lower bound) represents simply performing
gradient update task by task. We observe that: (1) Our frame-
work consistently enhances two CZSL models on both seen
and unseen compositions, achieving state-of-the-art over-
all performance as measured by AUC and mAUC. (2) Our
framework significantly improves compositional generaliza-
tion (U and mU), surpassing the second-best method by an
average of 2%, while effectively mitigating forgetting (S and
f5). (3) Existing methods struggle to continually improve
compositional generalization, mostly performing worse than
or similar to Zero-Shot after the learning process (see U met-
rics). Besides, prompt-based methods (L2P and AttriCLIP)
fail in ComplL. We speculate this arises from conflicts be-



Baseline | CSP (CLIP ViT-L/14) | Troika (CLIP ViT-B/16)

Method | U S AUC mU fS(l) mAUC| U S AUC mU fS(}) mAUC
Zero-Shot 2518 739 141 - - ~ 12395 675 116 - - -

Joint 2780 2888 635 - - - | 3418 4287 1263 - - -

Vanilla 1539 1662 1.89 1928 8.86 3.86 |22.73 2731 495 2497 2254 970
SI (Zenke, Poole, and Ganguli 2017) | 1827 18.61 253 20.12 632 464 |2238 2823 500 2439 2146 9.56
EWC (Chaudhry et al. 2019) 2448 2142 391 2425 369 510 |2605 2926 633 27.17 21.50 11.17
A-GEM (Chaudhry et al. 2018) 17.66 18.69 2.53 2045 7.06 436 |23.51 2683 501 2390 2352 9.1l
DER++ (Buzzega et al. 2020) 22,64 2124 359 2240 425 464 |2133 3285 584 2000 832 845
L2P (Wang et al. 2022) 1827 19.02 2.62 1722 929 378 |2124 2893 472 2301 2077 9.5
AttriCLIP (Wang et al. 2023a) 1976 1990 2.99 21.80 1252 505 |23.08 2645 490 23.62 2426 10.00
Ours 12754 2081 4.60 2671 567 542 |29.55 3457 840 27.88 1461 1198

Table 3: Comparison with state-of-the-art continual learning methods on CZSL models on the C-GQA-ComplL benchmark.

VS ﬁse'm [rkd ‘ mU fS(\L) mAUC
1 41.41 15.22 13.59
2 v 46.64 5.63 17.33
3 v v 46.92 4.83 17.43
4 v 46.29 7.68 16.82
5 Vv v v | 4723 3.28 17.99

Table 4: Results of different variants of the proposed frame-
work. We use CSP as the baseline model (first row). V.S
denotes the visual synthesizer module.

tween prompt learning and the updates of other learnable
parameters in the baseline models.

Results on Primitive-Incremental Setting

Unlike our ComplL setting that focuses on composition-
incremental learning within a fixed primitive set,
CCZSL (Zhang, Feng, and Yuan 2024) requires mod-
els to continuously learn from compositions that include
unseen primitives, thereby expanding the size of the learned
primitive set over time. We conduct experiments on the split
of the C-GQA (Mancini et al. 2022) dataset introduced in
CCZSL, and the experimental results are shown in Table 2.
We observe that our framework improves CSP and Troika
across different sessions on the CCZSL split of the C-GQA
dataset, with 0.6% and 2.1% absolute gains in the average
AUC. Such observations suggest that our framework ef-
fectively improves CZSL models on primitive-incremental
settings, though it is not explicitly designed for that.

Ablation Studies

To validate the effectiveness of each component, we con-
duct ablation studies on the MIT-States-CompIL benchmark
using CSP as the baseline, with results shown in Table 4.
Adding the visual synthesizer (VS) (row 2) yields signifi-
cant gains over the baseline (row 1). Introducing semantic
loss (Lsem) in row 3 further enhances semantic consistency,
improving performance across all metrics. Linguistic prim-
itive distillation (Lyq) also brings improvements, though
not as much as the full model. Combining all components
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Figure 5: Compositional generalization capability of CSP,
equipped with state-of-the-art methods, after training on dif-
ferent tasks in the compositional incremental learning pro-
cess.The red line indicates CLIP’s zero-shot performance.

achieves the best overall results, confirming that each mod-
ule contributes effectively and complementarily.

Quantitative Studies

The accuracy of different continual learning methods on the
final task of ComplL throughout the compositional incre-
mental learning process is illustrated in Figure 5, which re-
flects the variation in the model’s compositional generaliza-
tion capability as learning new compositions. We observe
that, compared to other methods, our framework signifi-
cantly enhances the model’s compositional generalization
capability as it continually learns new compositions.

Conclusion

In this paper, we have presented a practical and challeng-
ing setting for compositional generalization, termed Com-
pIL. The setting challenges models to continually learn new
compositions, aiming to improve their compositional gen-
eralization capability progressively. We have developed a
pipeline to construct CompIL benchmarks, resulting in MIT-
States-ComplL and C-GQA-ComplL for quantitative evalu-
ation. Moreover, we have proposed a pseudo-replay frame-
work that can mitigate composition knowledge forgetting
and primitive representation drift by leveraging a visual syn-
thesizer and a linguistic primitive distillation mechanism.
Extensive experiments on two CZSL models across the pro-
posed benchmarks demonstrate its effectiveness.
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